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Abstract 
Prescribed fires are conducted to reduce the risk of large wildfires and for ecological maintenance. 
Prediction of the severity of a prescribed fire is important to indicate the likelihood of objectives for fuel 
reduction and burn coverage being achieved. The severity of prescribed fire relies on many factors 
including fuel, weather, and topography. Live fuel moisture content (LFMC), referring to the moisture levels 
in living vegetation, has been shown to have a significant influence on fire development and spread. There 
remains a gap in research focusing on the LFMC and fire severity relationship. 
This study aimed to explore the role of LFMC as a predictor of fire severity in prescribed fires. This study 
analysed LFMC and fire severity from nine different prescribed fires that were conducted in eucalypt dry 
sclerophyll forest of the Sydney Basin Bioregion. Two proven spectral indices calculated from Landsat 5 
Thematic Mapper imagery were used to quantify LFMC (Normalized Difference Infrared Index) and fire 
severity (differenced Normalized Burn Ratio). Field-assessed fire severity data from 48 separate plots 
across five of the prescribed fire areas were used for validation of spectral data. Linear regression 
analyses, piecewise regression analyses, and Fisher’s Exact Tests were used to analyse LFMC and fire 
severity data. 
The relationship between LFMC and fire severity appeared to be non-linear, with stronger evidence of a 
threshold-type relationship. In eucalypt dry sclerophyll forest, fire activity appears to be limited until LFMC 
falls below a threshold range of 118% - 112%. Below this range fire severity is not predictable from LFMC, 
but is determined by other factors, such as weather and dead fine fuel moisture. 
The results of this study can potentially be used by fire management agencies, in conjunction with current 
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Prescribed fires are conducted to reduce the risk of large wildfires and for ecological 
maintenance. Prediction of the severity of a prescribed fire is important to indicate 
the likelihood of objectives for fuel reduction and burn coverage being achieved. The 
severity of prescribed fire relies on many factors including fuel, weather, and 
topography. Live fuel moisture content (LFMC), referring to the moisture levels in 
living vegetation, has been shown to have a significant influence on fire development 
and spread. There remains a gap in research focusing on the LFMC and fire severity 
relationship. 
 
This study aimed to explore the role of LFMC as a predictor of fire severity in 
prescribed fires. This study analysed LFMC and fire severity from nine different 
prescribed fires that were conducted in eucalypt dry sclerophyll forest of the Sydney 
Basin Bioregion. Two proven spectral indices calculated from Landsat 5 Thematic 
Mapper imagery were used to quantify LFMC (Normalized Difference Infrared 
Index) and fire severity (differenced Normalized Burn Ratio). Field-assessed fire 
severity data from 48 separate plots across five of the prescribed fire areas were used 
for validation of spectral data. Linear regression analyses, piecewise regression 
analyses, and Fisher’s Exact Tests were used to analyse LFMC and fire severity data. 
 
The relationship between LFMC and fire severity appeared to be non-linear, with 
stronger evidence of a threshold-type relationship. In eucalypt dry sclerophyll forest, 
fire activity appears to be limited until LFMC falls below a threshold range of 118% 
- 112%. Below this range fire severity is not predictable from LFMC, but is 
determined by other factors, such as weather and dead fine fuel moisture.  
 
The results of this study can potentially be used by fire management agencies, in 
conjunction with current methods, to make more robust predictions about fire 
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Fire is a natural phenomenon that has significant impacts on Australian ecosystems 
(Bradstock 2008; Matthews et al. 2012). Many Australian vegetation communities cope 
extremely well with fire (Vivian et al. 2008).  Plants within these vegetation communities 
have important adaptations that allow them to regenerate after fire (Vivian et al. 2008). 
The recurrence rate and severity of fires have a critical influence on the composition and 
persistence of species within vegetation communities (Bradstock 2008).  
 
While fire has a considerable vegetation maintenance role, fire can have severe 
ecological, social, and economic impacts on both human and environmental systems 
(Rorig & Ferguson 1999). For example, during the 2001/02 summer in New South 
Wales, more than 700,000 ha of land was burnt by wildfire, which destroyed 138 
residential and commercial premises, killed more than 7000 livestock, caused an 
insurance damage bill of approximately $75,000,000, and cost approximately 
$106,000,000 to NSW fire management agencies (NSW Rural Fire Service 2012).  
 
To help reduce the risk of wildfires, and to maintain the health of vegetation 
communities, prescribed burning is carried out by fire management agencies (Office of 
Environment and Heritage NSW 2011a). This requires the controlled application of fire 
to meet objectives that include asset protection, fire prevention, and ecological 
maintenance (Office of Environment and Heritage NSW 2011a).   
 
Fire managers use information on a range of fire influencing factors such as weather, 
vegetation, and fuel conditions to plan and implement prescribed fires (Department of 
Natural Resources and Environment 1999). Unintended consequences including fire 
escape, destruction of houses, and risk to human life, are an inherent risk of prescribed 
burning (McCaw 2012). For example, variation in fuel moisture conditions contributed to 
the death of four fire-fighters at a prescribed fire in Ku-ring-gai National Park in 2001 
(Stevenson 2001), and unexpected weather conditions contributed to the destruction of 32 
homes from an escaped prescribed fire in Western Australia in 2011 (Keelty 2012). Risk 
of unintended consequences can be reduced if more robust fire behaviour predictions can 
2 
 
be made (McCaw 2012; Sharples et al. 2009a). More robust predictions could be made 
from an increased knowledge of the factors that drive fire (McCaw 2012; Sharples et al. 
2009a). 
 
Live fuel moisture content (LFMC) refers to the amount of moisture present in living 
vegetation (Dasgupta et al. 2007). LFMC is one of the critical factors influencing the 
flammability of living vegetation, likelihood of fire ignition, and the occurrence of severe 
fires (Caccamo et al. 2012a; Chuvieco et al. 2004; Dennison & Moritz 2009; Jurdao et al. 
2012). Some studies have suggested LFMC variation as a potential cause of observed fire 
severity distribution. Measures of LFMC patterning could potentially be used to predict 
likely fire spread, but there remains a lack of research investigating the influence of 
LFMC patterning on fire severity distribution. The present study aimed to help fill this 
gap in knowledge by analysing this relationship. 
 
1.2 Aims 
The aim of this thesis was to use Landsat 5 Thematic Mapper (Landsat 5 TM) imagery to 
explore the role of LFMC as a predictor of fire severity in eucalypt dry sclerophyll forest. 
There was particular focus on prescribed fires that have occurred in eucalypt dry 
sclerophyll forest of the Sydney Basin Bioregion.  
 
The broad nature of the aim entailed significant research questions raised from gaps in 
previous LFMC research (see section 2.8 for detail). To meet the aim this thesis answered 
the following research questions: 
 
 Can pre-fire Landsat 5 TM quantified LFMC be used to predict fire severity 
distribution in prescribed fires? 
 Can LFMC thresholds be identified that significantly influence fire severity in 
prescribed fires? 
 
LFMC and fire severity relationships have been investigated through the use of remote 
sensing, Geographic Information Systems (GIS), and field collected data. Recently 
developed satellite-based methods for quantifying LFMC and fire severity have been 




The results of this study could help improve understanding of fire activity when 
implementing prescribed fires. Increased understanding would allow fire managers to 
make more accurate predictions about where fire is likely to spread within a prescribed 
fire area under different vegetation moisture conditions. This is important to reduce the 
risk of unexpected fire behaviour causing prescribed fire escapes, which poses a 
significant threat to life and property. 
1.3 Thesis Structure 
This chapter has described the context, aims, and scope of this thesis. Chapter 2 presents 
a literature review that aims to summarise the current knowledge of the main drivers of 
fire, LFMC, and fire severity. Chapter 2 also places this study into context with other 
research that has been done in the area. Chapter 3 describes the study areas in terms of 
location, vegetation, landform, climate, and fire history. Chapter 4 details the methods 
used in this study.  Proven methods have been used for calculating LMFC from satellite 
data, measuring fire severity from both satellite data and field assessments, and analysing 
data with linear regression, piecewise regression, and Fisher’s Exact Test. Chapter 5 
presents the results of the analysis, with the results explained and placed into context of 
other work in Chapter 6. Implications for fire management agencies and future research 



















2 LITERATURE REVIEW 
2.1 Introduction 
Fire is an important part of the Australia landscape (Matthews et al. 2012). Recent severe 
wildfires in Australia have had considerable impacts on people including the loss of life 
and property (Bradstock 2008). Recommendations resulting from recent large, severe 
wildfires have led to increases in the amount of prescribed burning undertaken in order to 
assist in fire prevention across south-east Australia (Bradstock et al. 2012; Teague 2010). 
To implement prescribed fires it is necessary to understand how fire will behave once 
ignited so that objectives for fuel reduction or ecological maintenance can be met (Office 
of Environment and Heritage NSW 2011a). For example, a fuel reduction burn needs to 
burn at an intensity which is high enough for objectives of burn coverage to be met, but 
low enough so that safe control of the prescribed fire can still be achieved by fire crews 
(Office of Environment and Heritage NSW 2011a). The severity of a prescribed fire 
depends on several key factors with complex relationships that can influence fire 
behaviour (Keeley 2009). Understanding these factors is critical for both the control of 
wildfires and the implementation of prescribed fires (Sharples et al. 2009b) (Office of 
Environment and Heritage NSW 2011a). 
 
This chapter introduces the important factors that influence fire by providing a summary 
of current research, with a particular focus on LFMC. Fire severity is then introduced as 
an important way to measure fire activity, and the use of satellite-based methods for 
measuring both LFMC and fire severity are discussed. Lastly, the gaps in LFMC research 
that justified the need for this study are identified. 
2.2 Factors influencing fire behaviour 
Fuel, weather, and topography are three essential fire drivers that influence the ignition 
probability, development, and spread of fire (Whelan 1995). Weather is a critical factor 
because it influences the ignition potential of dead fine fuels, and subsequent fire 
behaviour (Matthews 2009). High temperatures, low relative humidity, and strong winds 
can lead to extreme fire behaviour (Matthews 2009; NSW Rural Fire Service 2009). 
Studies that have compared the effects of weather, topography, and fuel levels for large 
wildfires in eucalypt dry sclerophyll forest of Australia have identified weather to be the 
major influence on fire severity and fire spread (Bradstock et al. 2010; Price & Bradstock 
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2012). Intense canopy consuming fires are much more likely when weather is extreme 
(Bradstock et al. 2010; Price & Bradstock 2012). Weather has also been shown to be the 
major influence on annual area of land burned by wildfires (Cary et al. 2009; Price & 
Bradstock 2011). 
 
The critical influence of weather on fire activity is recognised by fire management 
agencies by the incorporation of weather predictions into fire danger indices (Matthews et 
al. 2012). Fire danger indices heavily rely upon weather information to predict fire 
danger through various combinations of temperature, relative humidity, wind speed, and 
long term rainfall (Matthews 2009; Sharples et al. 2009a). The McArthur Forest Fire 
Danger Index (FFDI) (McArthur 1967), used in this study, is the most commonly used fire 
danger index in eastern Australia (Matthews 2009). The FFDI takes into account weather, 
fuel availability, and fuel moisture to give an overall level of fire danger (Matthews 2009). 
Fire management agencies use FFDI to predict the chance of fire ignition, rates of spread, 
suppression difficulty, and to schedule prescribed fires (Matthews 2009; Sharples et al. 
2009a).  
 
Some factors that influence fire activity can have a reduced role under extreme weather 
conditions (Bradstock et al. 2010; Oliveras et al. 2009). Factors such as fuel 
characteristics and topography have an increased influence on fire activity under milder 
weather conditions (Bradstock et al. 2010; Oliveras et al. 2009). The level of influence 
that these other factors have on fire activity during different weather conditions is a 
subject of debate among authors. 
 
The influence of topography is often seen as critical to understanding fire behaviour 
(Linn et al. 2007). The variation in fire behaviour that authors attribute to topographic 
characteristics (elevation, slope, aspect) varies (Oliveras et al. 2009). It is often accepted 
that areas with a north-westerly aspect (in the southern hemisphere) and steeper slopes 
are more conducive to the ignition and potentially rapid spread of fire (Chafer et al. 2004; 
Whelan 1995). Greater sun exposure leads to more favourable fuel moisture and 
vegetation types on north-westerly aspects in the southern hemisphere (Whelan 1995). A 
fire can spread faster up slopes that are steeper because flames are angled closer to the 
ground (Whelan 1995) . While these topographic influences have generally been 
accepted, the relationship is not always clear (Oliveras et al. 2009). Chafer et al. (2004) 
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found extreme fire severity was likely across a range of different topographic aspects in 
fires that started around Sydney in the 2001/02 summer. Bradstock et al. (2010) found 
that steeper slopes were less likely to experience canopy fire, suggesting discontinuity of 
fuel in a rocky landscape as a likely reason. The influence of topography can be unclear 
because of in-situ changes in wind characteristics, fuel moisture, or vegetation types 
across different topographic locations (Bradstock et al. 2010; Román-Cuesta et al. 2009; 
Sharples et al. 2010). 
 
Fuel characteristics have a strong influence on fire ignition and behaviour (Hines et al. 
2010; Plucinski 2003). The fuel that drives fire is made up of living components (e.g. 
shrub and tree foliage) and dead components (e.g. cured grasses, leaf litter, and bark) 
(Hines et al. 2010; Plucinski 2003). Certain important aspects of fuel, including the type, 
arrangement, size, and continuity, are assessed by fire management agencies when 
defining the “fuel hazard” for a particular area (Hines et al. 2010; Watson et al. 2012). 
Dry sclerophyll forest is one of the most fire-prone vegetation types because it provides a 
highly flammable form of fire fuel made up of both living and dead components 
(Bradstock et al. 2009; Pippen 2008). Fire can spread rapidly through dry sclerophyll 
forests because of the well-connected fuels across and between layers, fibrous bark that 
can cause spot fires, and abundant eucalypt leaf litter (Gillen 2005; Keith 2006). Leaf 
litter can rapidly re-accumulate in dry sclerophyll forests within 10 years of a fire to 
levels that will again permit severe fires (Bradstock et al. 2010; Price & Bradstock 2010). 
 
Weather and dead fuels are closely related because temperature and relative humidity 
levels strongly influence the moisture levels of dead fine fuels (e.g. leaf litter) (Bowyer & 
Danson 2004). Dryer dead fuels allow for easier ignition and more extreme fire behaviour 
(Bowyer & Danson 2004). The moisture levels in living vegetation, the subject of this 
study, also have a strong influence on fire activity. 
2.3 Live fuel moisture content 
Live fuel moisture content (LFMC), referring to the amount of moisture present in living 
vegetation, is a critical factor influencing fire size and spread (Caccamo et al. 2012a; 
Chuvieco et al. 2004; Dennison & Moritz 2009; Jurdao et al. 2012).  LFMC is commonly 
defined as a ratio of moisture weight to dry fuel weight, expressed as a percentage (Dasgupta 




LFMC = (Fw-Dw / Dw) × 100 
 
where, Fw is the fresh weight of fuel and Dw is the dry weight of fuel. Fuel refers to the 
vegetation potentially consumed by a fire. 
  
LFMC can typically range from 60% to 400% of the dry fuel weight (Pippen 2008). In 
Australian eucalypt forests, LFMC has been found to range as low as 50% - 80% under 
drought conditions, with values of approximately 150% (range of 100% - 400%) more typical 
of higher moisture conditions (Pippen 2008). 
 
The level of LFMC significantly influences the flammability of live fuels and vertical 
development of fire (Dimitrakopoulos & Papaioannou 2001; Plucinski 2003). When LFMC 
falls below a certain level, live fuels become “available” to burn (Allen 2007; Pippen 2008). 
Live fuels will not burn when the LFMC is high enough, which effectively reduces the 
available fuel load (Pippen 2008). 
 
The presence of well-connected areas of low LFMC is important in the development of large, 
severe fires (Allen 2007; Caccamo et al. 2012b). Areas where the LFMC is too high to permit 
combustion act as natural barriers to fire spread (Caccamo et al. 2012b). When LFMC falls 
and dry patches become well connected by continuous dry vegetation, large severe fires 
are more likely to occur (Caccamo et al. 2012b; Dennison & Moritz 2009).  
 
The variation in LFMC across areas shows strong correlations with plant phenology and 
season (Pippen 2008). The influence of seasonal rainfall trends on LFMC is significantly 
greater than the influence of short term weather variation (Jurdao et al. 2012; Nieto et al. 
2010). LFMC results from complex spatial and temporal interactions between soil moisture 
and each species‟ physiological characteristics (Bowyer & Danson 2004; García et al. 2008; 
Nieto et al. 2010). Species can regulate water losses differently over time resulting in 
different LFMC levels under the same weather conditions (Jurdao et al. 2012; Nieto et al. 
2010).  
 
The extent to which LFMC affects fire activity varies in different vegetation types. LFMC 
has a substantial role in the ignition and development of fire in heathland because the 
majority of fuel is made up of living shrub vegetation (Pippen 2008; Plucinski 2003). This 
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has led to LFMC being included in fire behaviour prediction models for similar vegetation 
types (Pippen 2008). In forest vegetation the higher proportion of dead fuels have a 
significant influence on fire ignition and behaviour (Plucinski 2003). LFMC in forest 
vegetation is more important for determining the vertical development of fire into the canopy, 
which can lead to large, severe fires (Caccamo et al. 2012b; Plucinski 2003). 
 
LFMC has been the subject of numerous studies that have demonstrated a critical role in fire 
spread, fire behaviour, and the chance of wildfire occurrence (Caccamo et al. 2012b; 
Chuvieco et al. 2004; Jurdao et al. 2012). Measuring LFMC can therefore be very useful for 
fire management agencies in predicting fire danger. 
2.4 Measuring live fuel moisture content: traditional methods 
Estimates of LFMC have regularly been incorporated into fire danger indices, such as FFDI, 
based on meteorological information (Caccamo et al. 2012a). The fuel moisture content of 
live and dead fuels are incorporated in the FFDI through estimations made from the Keech-
Byram Drought Index (KBDI), a weather based index for measuring fuel moisture depletion 
(Caccamo et al. 2012a). Caccamo et al. (2012a) showed that monitoring LFMC using KBDI 
is inaccurate when compared to satellite measures of LFMC. While dead fine fuel moisture 
content is more directly related to daily variation in humidity and temperature, it is more 
difficult to estimate LFMC from weather predictions (e.g. KBDI) because of a closer 
relationship with longer term soil moisture trends (Bowyer & Danson 2004; Caccamo et al. 
2012a). 
 
LFMC is most accurately measured through field sampling, but this approach can be difficult, 
time consuming, and costly to apply at regional scales because it requires regular visits to 
multiple sites for capturing spatio-temporal variations in LFMC patterning (Bowyer & 
Danson 2004; Caccamo et al. 2012a; Dennison & Moritz 2009).  Using satellite imagery to 
measure spectral characteristics of vegetation can potentially overcome the difficulties 
associated with field sampling of LFMC (Garcia et al 2008).  
2.5 Measuring live fuel moisture content: remote sensing 
Spectral information emitted by live fuels and acquired by satellite platforms can be used to 
compute spectral indices and analyse specific plant biophysical characteristics (Jensen 2007). 
Spectral indices have been successfully applied to monitor plant parameters such as 




Studies have used data acquired from a range of satellites that commonly include MODIS, 
which provides imagery at a coarse spatial resolution of 500 m, and Landsat 5 TM, which 
provides imagery at a finer spatial resolution of 30 m (Gao et al. 2006). Several studies have 
attempted to predict field-sampled LFMC from spectral indices. The Normalized Difference 
Vegetation Index (NDVI) has been tested and found to be problematic when estimating 
LFMC for shrubs and trees, although more accurate results were obtained when combining 
NDVI with Surface Temperature values (Chuvieco et al. 2004; Chuvieco et al. 2002).  
 
Particularly good results have been reported from several comparative studies that have used 
spectral indices based in the near-infrared (NIR) and short-wave infrared (SWIR) bands 
(Caccamo et al. 2011; Ceccato et al. 2001; Yilmaz et al. 2008). NIR and SWIR bands are 
sensitive to vegetation water content and are therefore very useful for predicting LFMC 
(Caccamo et al. 2011; Ceccato et al. 2001; Yilmaz et al. 2008).  
 
Field-measured LFMC and the Normalised Difference Infrared Index (NDII), based in NIR 
and SWIR, have been shown to be strongly correlated (Stow & Niphadkar 2007). Caccamo et 
al. (2012a) found strong correlations between field-measured LFMC and NDII for vegetation 
in the Sydney Basin Bioregion. NDII was again used to successfully map the relative 
connectivity of dry live fuels in the Sydney Basin Bioregion (Caccamo et al. 2012b). 
 
Given the strong correlations found in many studies between spectral indices and field-
sampled LFMC, using satellite imagery to predict LFMC provides an opportunity to regularly 
and cost-effectively monitor LFMC over large areas (Caccamo et al. 2012a; García et al. 
2008). 
2.6 Fire severity 
Fire severity is an important measure that aims to describe the way in which ecosystems are 
affected by fire  (Keeley 2009). Many definitions of fire severity have been used, but most 
refer to a loss of biomass from vegetation, soil, or a combination of features (De Santis & 
Chuvieco 2007; Keeley 2009).  A common definition of fire severity, often used by fire 
management agencies, refers specifically to the amount of plant damage that is caused by fire 
(Chafer 2008; Hammill & Bradstock 2006; Lentile et al. 2006). Measures of fire severity in 
this case include height of leaf scorch, canopy leaf consumption, and height of blackened 




Fire severity has a strong correlation with fire intensity (Keeley 2009). Areas of high severity 
fire (e.g. fire that burnt or scorched the canopy) generally equate to high intensity fire, and 
areas of low severity fire (e.g. only surface fuel consumed) equate to low intensity fire 
(Bradstock 2008). Drivers of fire such as vegetation type, topography, and weather will 
influence how fire intensity translates into fire severity (Keeley 2009). For example, 
heathlands can suffer higher severity, canopy consuming fires at much lower intensities than 
taller forest vegetation (Hammill et al. 2010). The shorter heathland vegetation can be totally 
consumed by flame heights of 1- 4 m, whereas most forests would require flame heights 
above 8 m for canopy consumption (Hammill et al. 2010). The influences of vegetation type, 
topography, and weather can lead to complex spatial patterns of fire severity (Bradstock 
2008). 
 
The spatial patterns of fire severity are important to land managers (Miller et al. 2009). For 
example, prescribed fires are planned to achieve different levels of severity for a range of 
purposes. A higher severity prescribed fire might be required for asset protection, whereas a 
low severity (or patchy) prescribed fire might be required to meet the needs of a certain plant 
or animal species (Office of Environment and Heritage NSW 2011a). Fire management 
agencies measure fire severity for the purpose of assessing fire effects, assessing prescribed 
fire results, and fire management planning (Miller et al. 2009).  
2.7 Measuring fire severity 
Measuring the spatial pattern of fire severity is important to help predict likely levels of post-
fire change in factors such as vegetation structure and fuel composition (Hammill & 
Bradstock 2006; Lentile et al. 2006; Oliveras et al. 2009). Traditional methods of fire 
severity assessment involve visual estimation of fire severity indicators (e.g. leaf scorch 
height, change in canopy cover) either from aerial photographs or from within a number field 
plots (Cawson & Muir 2008; Miller et al. 2009). The results can then be used to give an 
overall fire severity level for a particular area, validation of satellite-derived fire severity 
maps, or as part of wider ranging ecological assessments (Cawson & Muir 2008; De Santis & 
Chuvieco 2007; Miller et al. 2009). Satellite data can be used in this context.  
 
The differences between pre-fire and post-fire satellite-derived spectral indices, related to 
changes in vegetation properties, have been used to map spatial patterns of fire severity in 
many parts of the world (Fox et al. 2008; French et al. 2008; Hoy et al. 2008). The 
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availability of data acquired by satellites allows for fast measurement of varying levels of fire 
severity over vast areas that may be difficult to access for field based methods (Hammill et 
al. 2010). Using field-measured fire severity data and differenced spectral indices, it is 
possible classify different levels of fire severity (Hammill & Bradstock 2006). 
 
 Landsat 5 TM has commonly been used for fire severity classification because the imagery 
acquired is at a relatively fine spatial resolution of 30 m (French et al. 2008; Gao et al. 2006; 
Miller & Thode 2007). Using data acquired by the Landsat 5 TM allows for finer spatial 
patterns of fire severity to be mapped when compared to coarser imagery such as MODIS 
imagery (Lanorte et al. 2012).  
 
Several spectral indices have been used to quantify fire severity, including the Normalized 
Difference Vegetation Index (NDVI), and the differenced Normalized Burn Ratio (dNBR). 
While NDVI has shown strong correlation with field-measured fire severity (Chafer et al. 
2004; Hammill & Bradstock 2006), dNBR has been more commonly used. Many authors 
have shown that dNBR is strongly correlated with field-measured fire severity (Escuin et al. 
2008; Fox et al. 2008; Miller & Thode 2007; Thompson et al. 2007). Chafer (2008) found 
dNBR to be superior to NDVI for discriminating between severity classes for a study based 
in eucalypt dry sclerophyll forest, while Escuin et al. (2008) produced similar results in 
eucalypt and pine plantations of Spain.  
 
 The ease at which fire severity classes can be discriminated using spectral information can 
depend on many factors (Key & Benson 2006; Miller & Thode 2007). For example, different 
vegetation types can create difficulties in discriminating unburnt from low severity classes, 
especially when a thick forest canopy is present (Hammill & Bradstock 2006). The timing of 
satellite image acquisition is also important (Key & Benson 2006). Classification of severity 
from satellite images acquired long after the time of the fire can be heavily affected by 
vegetation regeneration (Key & Benson 2006).  
 
Ground validation is important when using spectral reflectance to measure fire severity, 
especially across different vegetation types and seasons (Verbyla et al. 2008). Ground 
validation helps account for differences in spectral reflectance that result from differences in 
vegetation type, topography, and image acquisition timing (Verbyla et al. 2008).  
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2.8 Gaps in research: live fuel moisture content and fire severity 
Research has shown that LFMC has an important role in the fire process (Agee et al. 2002; 
Caccamo et al. 2012a; Chuvieco et al. 2004; Dennison & Moritz 2009; Dimitrakopoulos & 
Papaioannou 2001). It has been proven in many studies that LFMC can be effectively 
measured using data acquired from satellite platforms (Chuvieco et al. 2004; Chuvieco et al. 
2002; García et al. 2008). This type of data has been used by some authors to analyse the 
relationship between LFMC and factors such as fire ignition probability, rate of spread, and 
likelihood of large fires (Dennison & Moritz 2009; Jurdao et al. 2012; Scott & Burgan 2005; 
Zhou et al. 2005). Juardo et al. (2012) found that LFMC, measured from satellite imagery 2 
weeks before a fire event, was very influential in determining the ignition probability for 
shrublands in Spain. Maki (2004) showed it was possible to produce fire ignition and fire 
propagation danger estimations using satellite measurements of vegetation moisture. In 
Australia, it has been demonstrated that LFMC is important in determining the chance of 
large fires, and that monitoring LFMC is important for assessing fire danger (Caccamo et al. 
2012b; Caccamo et al. 2012a). 
 
Some laboratory based studies have determined how LFMC affects the burning potential of 
vegetation samples. For example, Sun et al. (2006) found decreasing LFMC can lead to a 
large increase in the flame height of burning chaparral vegetation in the USA, while Plucinski 
(2003) found that LFMC was the most significant factor influencing the vertical development 
of fire in heathland vegetation of New South Wales. 
 
There is evidence that LMFC needs to fall below certain thresholds before burning becomes 
likely (Chandler 1983; Dennison & Moritz 2009; Van Wagner 1977). Based on fire history 
data and field-measured LFMC, Dennison & Moritz (2009) found strong evidence of a 
LFMC threshold of 79%, above which large fires did not occur in chaparral vegetation of 
southern California. When LFMC is above a certain threshold, the moister vegetation 
conditions have a dampening effect on fire behaviour Agee (2002). It is therefore important 
to understand reasons behind the variation in LFMC. Pippen (2008) found that LFMC varied 
considerably in heathland of the Sydney Basin Bioregion as a function of both plant 
phenology and season. Based on a small number of studies, the level of LFMC required for a 
high likelihood of burning appears to be much lower in shrub vegetation (<100 % LFMC) 





While some other studies have concentrated on measuring ranges of LFMC in plant species, 
the influence of LFMC on the spatial pattern of fire severity has not been explored. 
Mapping of fire severity using satellite data (Chafer et al. 2004; Hammill & Bradstock 2006), 
and measuring the radiative energy emitted by fire (Wooster et al. 2003) has been conducted, 
but the influence that LFMC has on both of these has not been thoroughly investigated. The 
influence that other factors have on fire severity, such as wind (Sharples et al. 2010) and 
terrain (Chafer et al. 2004), has been investigated. Bradstock et al. (2010) analysed the 
influence of weather and terrain on fire severity, finding weather to be the main influence. 
This study did not specifically compare LFMC to fire severity, but did find that fire severity 
was lower in valleys, suggesting higher fuel moisture as the likely cause (Bradstock et al. 
2010). 
 
While there has been significant research into the effect of LFMC levels on fire activity, 
significant questions remain. This study aimed to help fill this gap in knowledge by 
answering research questions based around the role of LFMC in determining fire severity in 
prescribed fires (See 1.2 Aims).  
2.9 Summary 
When looking at how a fire might behave it is important to consider many factors that 
have been shown to strongly influence fire activity. Factors such as weather, topography, 
and fuel load have all been shown to have a strong influence on fire severity. While 
LFMC has been shown to have a critical influence on the ignition potential and 
development of a fire, its effect on finer scale fire severity patterning has not been 
explored. At present, LFMC is not strongly considered when planning prescribed fires in 
forest vegetation of Australia. 
 
If strong links between LFMC and fire severity can be established, using proven methods 
to measure LFMC and fire severity from satellite data, there is the potential to identify 
levels of LFMC where more extreme fire behaviour may occur. This would make it 
possible for fire managers to incorporate LFMC into prescribed fire planning so that more 






3 STUDY AREAS 
3.1 Introduction 
This study consisted of nine separate study areas that have been subject to prescribed fire 
(Figure 2). These areas are situated within the broader region known as the Sydney Basin 
Bioregion, located on the central east coast of New South Wales (Figure 1). The nine 
study areas are between the latitudes 32 32S - 33 41S, and the longitudes 150 52E - 151 
14E. The study areas cover a total area of 7102 ha within 6 different National Parks 
(Table 1; Figure 1). The following sections describe the vegetation, landform, climate, 
and fire history of the study areas in the context of the Sydney Basin Bioregion.  
3.2 Sydney Basin Bioregion overview 
The Sydney Basin Bioregion encompasses approximately 3.6 million ha from Batemans 
Bay in the south to Nelson Bay in the north, and across to Mudgee in the west (Office of 
Environment and Heritage NSW 2011b) (Figure 1). This bioregion is characterized by a 
temperate climate, elevated sandstone plateaus, and a range of vegetation communities 
that includes rainforest, wet sclerophyll forest, and dry sclerophyll forest (Office of 
Environment and Heritage NSW 2011b). There are large areas of cleared land including 
the densely populated areas of Sydney, Newcastle, and Wollongong (Pippen 2008).  
Mean annual rainfall across the bioregion ranges from 2395 mm to 522 mm along an 
east-west gradient (Pippen 2008). Mean annual temperature ranges from 10°C  to 17°C 
















Table 1: Details of size, reserve location, and fire season for each study area. 




1. Canoelands Marramarra National Park 172  2010/11 
2. OGNR 4 Yengo National Park 170 2010/11 
3. OGNR 3 Yengo National Park 358 2009/10 
4. Smiths Creek Ku-Ring-Gai Chase National Park 512 2009/10 
5. Wambo Wollemi National Park 4386 2009/10 
6. Mills Dharug National Park 283 2008/09 
7. Quarry Rd Berowra Valley Regional Park 373 2005/06 
8. Kief Yengo National Park 716 2005/06 
9. Caleys Ku-Ring-Gai Chase National Park 132 2005/06 
3.3 Vegetation 
Eucalypt dominated dry sclerophyll forest covers much of the Sydney Basin Bioregion 
(Bradstock et al. 2009; Pippen 2008).  The national parks that contain the nine study 
areas (Table 1) are dominated by dry sclerophyll forest, but also contain areas of wet 
sclerophyll forest in gullies, and limited areas of coastal heath (Office of Environment 
and Heritage NSW 2011b). Dry sclerophyll forest, the focus of this study, is the most 
fire-prone type of vegetation in the Sydney Basin Bioregion (Keith 2006). Low 
decomposition rates of leaf litter lead to a rapid build-up of fire fuels (Bradstock et al. 
2009; Gillen 2005). These forests contain eucalypts with loose, stringy, or fibrous bark that 
can cause spot-fires ahead of a main fire, and ladder fuels that can carry fire from lower 
forest strata to upper forest strata (Pippen 2008).  
 
There are two common classes within the dry sclerophyll forest formation that dominate 
the nine study areas. The following descriptions of Sydney coastal dry sclerophyll forest 
and Sydney hinterland dry sclerophyll forest are summarized from Keith (2006). 
3.3.1 Sydney coastal dry sclerophyll forest 
This is the most diverse of the three Sydney dry sclerophyll forest types. The species 
composition and vegetation structure can vary greatly within a topographically variable 
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sandstone landscape. Sydney coastal dry sclerophyll forest is generally characterized by 
trees 10 – 25 m in height; however trees can be less than 10 m on ridges and above 25 m 
in moist gullies. The shorter vegetation found on ridges can gradually grade into coastal 
heath vegetation. The shrub layer and ground layer are dominated by sclerophyll shrub 
cover and sclerophyll sedge cover. 
 
Sydney coastal dry sclerophyll forest generally replaces Sydney hinterland dry 
sclerophyll forest in areas where annual rainfall is above 950 mm, and usually occurs 
where annual rainfall is between 1000 mm and 1300 mm. The dominant tree species are 
Angophora, Corymbia, and Eucalyptus spp. 
3.3.2 Sydney hinterland dry sclerophyll forest 
Sydney hinterland dry sclerophyll forest is a prominent vegetation type in the Sydney 
Basin Bioregion. It is generally found at elevations of below 600 m, where average 
annual rainfall is between 650 mm and 950 mm, too low for Sydney coastal dry 
sclerophyll forest.  
 
Sydney hinterland dry sclerophyll forest has a prominent sclerophyll shrub layer with a 
canopy of open woodland, commonly between 10 m and 25 m in height. The shrub layer 
is more open and less diverse than Sydney coastal dry sclerophyll forest, but structurally 
similar. Open ground is often sparsely covered by sclerophyll sedges. There can be a 
striking difference in canopy composition, from stunted woodlands on dry slopes and 
ridges, to taller forest in deep valleys and moister slopes. The dominant trees are 
Angophora, Corymbia, and Eucalyptus spp. 
 
3.4 Landform 
The nine study areas form part of the Hornsby and Blue Mountains plateaus. These are 
prominent geological structures of the Sydney Basin Bioregion, with the Hornsby plateau 
running between coastal hinterland and the Blue Mountains, and the Blue Mountains 
plateau situated to the west (NPWS 1998, 2001, 2002).  
 
Recent periods of erosion of the Hornby Plateau by the Hawkesbury-Nepean River 
system has produced a highly dissected landscape (NPWS 2001). Many narrow sandstone 
ridges and steep-sided valleys are prominent features of the Hornsby Plateau (NPWS 
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2001). The Blue Mountains plateau shows similar characteristics, with the addition that 
narrow gorges, sandstone cliffs, and deeper valleys are prominent (Magarey 2006). 
 
The majority of the soil parent material of the nine study areas is sandstone (Magarey & 
Achurch 2006; NPWS 1998). These soils are typically shallow with low fertility, low 
water-holding capacity, and high susceptibility to erosion (NPWS 1998). 
 
Elevation ranges from sea level in some of the eastern study areas, up to approximately 
700 m in the Wambo study area, situated on the eastern edge of Wollemi National Park. 
3.5 Climate 
The nine study areas are characterized by a temperate climate of warm summers with no 
prominent dry season (Office of Environment and Heritage NSW 2011b). Mean annual 
rainfall is between 800 mm and 1600 mm (Bureau of Meteorology 2012). Areas situated 
closer to the coast generally fall into the higher end of this rainfall range, while areas 
further to the west fall into lower end of the rainfall range (Bureau of Meteorology 2012). 
Being situated close to the coast, all study areas experience generally higher temperatures 
than the eastern mountain parts of the Sydney Basin Bioregion (Pippen 2008). Based on 
weather records from 1961 – 1990, mean annual temperate for all study areas is between 
15°C and 18°C (mean annual minimum 12 - 15°C; mean annual maximum 21 – 24°C) 
(Bureau of Meteorology 2012).  
 
Climate is a very important factor in the risk from fire that the study areas face. During 
summer, temperatures can commonly rise above 30°C, and occasionally above 40°C 
(Bureau of Meteorology 2012). The rise in temperature can commonly coincide with 
other conditions that increase fire risk. For example, a common phenomenon of warm, 
dry air flow from the north-west can push temperatures over 40°C, push relative humidity 
below 20%, and cause winds that quickly dry fire fuels (Pippen 2008). This phenomenon, 
along with the fire-prone dry sclerophyll vegetation, creates highly suitable conditions for 
fire (Pippen 2008).  
 
The main fire season, and danger from the most intense fires, in the Sydney Basin 
Bioregion generally occurs between October and the end of January, before the onset of 
rainy weather common in February and March (Bryant 2008; Caccamo et al. 2011). In 
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particularly bad years the main bushfire season can extend from October through to 
February (Pippen 2008).  
3.6 Fire in the Sydney Basin Bioregion 
The combination of vegetation, terrain, and climate mean that the Sydney Basin Bioregion is 
naturally subject to uncontrollable fire (Bradstock et al. 2009; Pippen 2008).  
Over 3 million ha has burnt in the past 30 years (Caccamo et al. 2011). One of the most 
severe seasons occurred in 2001-02 (Bryant 2008; Caccamo et al. 2011; Coghlan 2004). 
During this “Black Christmas” season, during which there was a continuous bushfire 
emergency around Sydney for more than 2 weeks, over 500000 ha of bushland were 
affected by fire causing multimillion dollar losses to the agricultural, forestry, and 
tourism industries (Bryant 2008; Coghlan 2004).  
 
Most of the nine study areas have been subject to numerous fires, prior to the most recent 
prescribed fires. The study areas have experienced wildfire within the last 25 years, with 
the exception of Quarry Rd which has no recorded wildfire (Table 2). 
 
Table 2: History of fires previous to the most recent prescribed fire for each study area (NSW Office of 
Environment and Heritage, unpublished data). 
Prescribed fire name Previous recorded fires Fire type 
1. Canoelands 2001/02 Wildfire 
2. OGNR 3 1997/98 Wildfire 
3. OGNR 4 1991/92 & 1996/97 Wildfire & Prescribed 
4. Smiths Creek 1993/94 Wildfire 
5. Wambo 1993/94 Wildfire 
6. Mills 2001/02 Wildfire 
7. Quarry Rd Not recorded -  
8. Kief 1989/90 Wildfire 
9. Caleys 1990/91 Wildfire 
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4 DATA & METHODS 
4.1 Selection of prescribed fire study areas 
Nine prescribed fires were selected for analysis in this study. The prescribed fire 
boundaries were identified in ArcGIS 10 from a prescribed fire history layer (NSW 
Office of Environment and Heritage, unpublished data). Four study areas were used for 
field sampling of fire severity (Study areas 1 to 4; Table 2), with the remaining five used 
for satellite data analysis (Study areas 5 to 9; Table 2). The nine study areas were selected 
based on criteria relating to ignition date, prescribed fire size, Landsat 5 TM image 
availability, vegetation type, and weather conditions on the day of the prescribed fire 
(Table 3).  
Table 3: Selection criteria for each prescribed fire study areas. 
Criteria Description 
Ignition date  - Aug. 2009 – Nov. 2011 (study areas 
visited in the field) 
- Prior to Nov. 2011 (study areas used only 
for remote sensing analysis) 
Prescribed fire size >100 ha 
Vegetation type Dry sclerophyll forest 
Fire weather conditions on ignition day FFDI < 12 (Low-Mod. Fire Danger Rating) 
Pre-fire Landsat 5 TM imagery 
availability 
Cloud-free and within 1 month of ignition 
Post-fire Landsat 5 TM imagery 
availability 




 Prescribed fires carried out after 2011 were not selected because the U.S. Geological 
Survey stopped acquiring imagery from the faulty Landsat 5 TM in November 2011 
(Irons 2013). Any prescribed fires ignited after this date could not be used for this study 
because Landsat 5 TM imagery was not available. 
 
Only prescribed fires carried out between 2009 and 2011 were selected for field 
sampling. Prescribed fires that occurred before 2009 were not considered because of the 
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difficulty in assessing fire severity indicators (e.g. dead shrubs, char height) in the field 
after long periods. Vegetation regeneration can affect the accuracy of classification 
(Cawson & Muir 2008). Hammill & Bradstock (2006) carried out field assessments of 
fire severity 12 – 26 months after large fires in the Sydney Basin Bioregion, 
demonstrating that it is possible to carry out fire severity assessments after a long period. 
Initial field site visits indicated that adequate severity indicators were measureable up to 
approximately 3 years after a prescribed fire.  
 
The five study areas used solely for satellite data analysis did not require field sampling. 
Study areas with available Landsat 5 TM imagery carried out before 2009 could therefore 
be used for the remote sensing analysis.  
 
Dry sclerophyll forest is the focus of this study. The high flammability and common 
occurrence of fires in dry sclerophyll forest makes it highly suitable for this study (Pippen 
2008). A vegetation GIS layer based on the classification of Keith (2006) was used to 
determine the amount of each vegetation type in each prescribed fire study area. Only 
study areas that contained a majority of dry sclerophyll forest were used for this study.  
 
Only prescribed fires that were greater than 100 ha in size were considered for this study 
to allow for greater spatial variation in LFMC and fire severity. 
 
Weather data obtained from the Bureau of Meteorology (BOM) were used to calculate 
ignition day FFDI for the closest weather station to each study area (Table 4). The FFDI 
values used in the study were daily values calculated from daily maximum temperature, 
minimum humidity, and 3pm wind speed. Only prescribed fires that were conducted on 
days where FFDI was below 12 at the closest weather station were included in this study 
to limit the effect that weather variation may have had on fire severity. FFDI values from 











Study area name 
Ignition day 
FFDI 
BOM weather station 
(Name & No.) 
Distance from 
study area 
Canoelands 4.9 Mangrove Mt. - 61375 26 km NE 
OGNR 4 4.5 Mangrove Mt. - 61375 22 km NE 
OGNR 3 6.7 Mangrove Mt. - 61375 22 km NE 
Smiths Creek 3.9 Terrey Hills - 66059 3 km S 
Wambo 9 Singleton - 61397 20 km E 
Mills 4.5 Mangrove Mt. - 61375 21 km NE 
Quarry Rd 4 Terrey Hills - 66059 15 km E 
Caleys 5 Terrey Hills - 66059 8 km E 
Kief 6 Mangrove Mt. - 61375 23 km E 
 
4.2 Landsat 5 TM data processing 
4.2.1 Image acquisition 
Images from the Landsat 5 TM satellite sensor were used for this study because of the 
relatively fine spatial resolution (30 m), and available spectral reflectance bands in the 
NIR and SWIR portions of the spectrum required for LFMC and fire severity calculation 
(Roy et al. 2008). Landsat 5 TM was chosen over the more recent Landsat 7 TM because 
a malfunction in 2003 caused Landsat 7 TM images to be acquired with significant data 
gaps (Irons 2013b). For each study area, two Landsat 5 TM images were required for 
analysis: one acquired prior to the prescribed fire ignition date (i.e. pre-fire), and one 
acquired after the prescribed fire ignition date (i.e. post-fire) (Table 5). The pre-fire 
image was required to estimate LFMC. The pre-fire image and the post-fire image were 
required to calculate dNBR. The availability of cloud-free Landsat 5 TM imagery was 
assessed using the U.S. Geological Survey’s GloVis application (US Geological Survey 
2012a). 
 
The time between the pre-fire image acquisition date and prescribed fire ignition date was 
limited to 1 month in order to limit the level of LFMC change that could potentially occur 
during this period. Work of Schoenberg (2003) and Caccamo et al. (2012a) suggested 
Table 4: Forest Fire Danger Index (FFDI) values for the ignition date of each prescribed fire at the closest 
Bureau of Meteorology (BOM) weather station. 
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that there is limited change in LFMC over a one-month period. A smaller difference 
between the pre-fire image acquisition date and prescribed fire ignition date would result 
in a more temporally accurate LFMC calculation. 
 
The time between the prescribed fire ignition date and the post-fire image acquisition date 
was limited to 4 months. Fire severity assessments that aim to measure vegetation 
consumption are ideally carried out before vegetation begins to regenerate (Cawson & 
Muir 2008; Key & Benson 2006). The timing of image acquisition is important because 
post-fire regeneration can significantly affect the dNBR calculation (Key & Benson 
2006). The 4 month limit was set so that only areas with minimal plant regeneration 
would be used, minimizing any effect of regeneration on the dNBR calculation.  
 











Canoelands 10-Sep-10 83:89 18-Sep-10 31-Dec-10 83:89 
OGNR 4 10-Sep-10 83:89 30-Sep-10 31-Dec-10 83:89 
OGNR 3 29-Aug-09 83:90 09-Sep-09 23-Sep-09 83:89 
Smiths Creek 7-Sep-09 83:89 19-Sep-09 23-Sep-09 83:89 
Wambo 25-Mar-10 83:90 28-Mar-10 5-May-10 83:89 
Mills 20-Sep-08 83:89 30-Sep-08 6-Oct-08 83:89 
Quarry Rd 27-Aug-05 83:89 3-Sep-05 12-Sep-05 83:89 
Caleys 27-Aug-05 83:89 01-Sep-05 12-Sep-05 83:89 
Kief 27-Aug-05 83:89 01-Sep-05 12-Sep-05 83:89 
4.2.2 Image pre-processing 
Landsat 5 TM images were downloaded via GloVis already processed with a Standard 
Terrain Correction (Level 1T) (US Geological Survey 2012a). US Geological Survey 
(2012b) defines the Level 1T correction as; 
25 
 
 “Standard Terrain Correction (Level 1T) - provides systematic radiometric and 
geometric accuracy by incorporating ground control points while employing a Digital 
Elevation Model (DEM) for topographic accuracy”.  
 
ENVI 4.8 image processing software was used to convert the Landsat 5 TM image 
Digital Numbers to reflectance. No atmospheric correction was carried out because of 
negligible atmospheric scattering in the infrared bands used (Avery & Berlin 1992). 
Landsat 5 TM images were then used to quantify LFMC and fire severity. 
4.2.3 Live fuel moisture content  
LFMC was calculated using ENVI 4.8 image processing software and ArcGIS 10 
software for each study area. The Normalized Difference Infrared Index (NDII) was 
calculated to quantify pre-fire LFMC. NDII is a spectral index sensitive to changes in 
vegetation moisture that can be calculated from Landsat 5 TM data (Caccamo et al. 
2012a; Dasgupta et al. 2007; Yilmaz et al. 2008). MODIS derived NDII and ground 
measured LFMC have been found to be well correlated in dry sclerophyll forest of the 
Sydney Basin Bioregion (Caccamo et al. 2012a). NDII was calculated in ENVI 4.8 from 
each pre-fire Landsat 5 TM image as follows; 
 
NDII = (B4 – B5)/(B4 + B5)            (Equation 1) 
 
where B4 is the near-infrared Landsat 5 TM band 4 and B5 is the short-wave infrared 
band 5. 
 
The NDII values were then converted to LFMC in ArcGIS 10 with the equation from 
work of Caccamo et al. (2012a); 
 
LFMC =  62.78(NDII) + 90.85          (Equation 2) 
 
The LFMC values for use in analysis were calculated as the mean value of each 3 x 3 
pixel area to minimise potential geolocation errors associated with Landsat 5 TM images 
(Key & Benson 2006). 
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4.2.4 Differenced Normalized Burn Ratio 
The differenced Normalized Burn Ratio (dNBR) was calculated to quantify fire severity. 
Comparative studies of spectral indices have shown dNBR to be superior to other spectral 
indices as an indicator of fire severity (Chafer 2008; Escuin et al. 2008). To calculate 
dNBR, NBR was first calculated from the pre-fire and post-fire Landsat 5 TM images: 
 
NBR = (B4 – B7)/(B4+B7)                   (Equation 3) 
 
where B4 is the near-infrared Landsat 5 TM band 4 and B7 is the short-wave infrared 
band 7. 
 
dNBR is then calculated as the difference between pre-fire NBR and post-fire NBR: 
 
dNBR = (NBRpre-fire - NBRpost-fire)    (Equation 4) 
 
The resulting dNBR image was calibrated to reduce the effect of landscape changes, 
other than fire effects, that may have occurred between the pre-fire image and post-fire 
image acquisition dates (e.g. changes in vegetation moisture). The mean value of a large 
unburned area outside of the fire perimeter was calculated and subtracted from the dNBR 
image, with the aim of reducing the unburned (i.e. unchanged) dNBR values to zero (Key 
& Benson 2006).  
 
dNBR values for use in analysis were calculated as the mean value of each 3 x 3 pixel 
area to account for potential Landsat 5 TM geolocation errors (Key & Benson 2006). 
 
Higher positive values of dNBR within a theoretical range of -2.0 and +2.0 represent 
higher fire severity, with unburnt areas represented by values close to zero (Verbyla et al. 
2008). Each pixel of the dNBR image was initially assigned to one of five severity 
classes, using dNBR value thresholds adapted from Key & Benson (2006), to create maps 
for use as initial indicators of field fire severity (Table 6). While these thresholds were 
derived in the USA, Chafer (2008) found these thresholds to be well correlated with field 
severity in eucalypt-dominated forest of the Sydney Basin Bioregion. The initial 
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classifications were used to identify general areas of fire severity to assist with selection 
of field assessment sites. 
 
 
Severity class dNBR range 
Unburned  –0.5 to +0.099 
Low severity  +0.1 to +0.269 
Moderate-low severity  +0.27 to +0.439 
Moderate-high severity  +0.44 to +0.659 
High severity +0.66 to +1.3 
4.3 Field assessment of fire severity 
4.3.1 Field site selection 
Field assessment of fire severity was carried out in order to validate the dNBR spectral 
index used to quantify fire severity and for comparison with Landsat 5 TM derived 
LFMC. Selection of field assessment site locations was conducted using the dNBR 
severity layer, vegetation layer, and a topographic position layer in ArcGIS 10. A 
vegetation GIS layer (Keith 2006) was used to limit potential sampling sites to dry 
sclerophyll forest.  
 
Sites for field assessment were limited to only ridges, derived from a topographic 
position layer. Only ridges were sampled in order to limit the effect that topography could 
have on fire severity and LFMC (Bradstock et al. 2010). The topographic position was 
calculated from a 500 m area surrounding each pixel. 100 being the highest point in the 
500 m area and 0 the lowest, any locations with a topographic position ≥ 80 were deemed 
to represent ridges. 
 
Field assessment sites were selected at locations where dNBR values did not vary by 
more than 0.15 in an area of at least 3 x 3 pixels to reduce spatial mis-matches between 
field and remotely sensed data  (Key & Benson 2006). ArcGIS 10 “Create Random 
Points” tool was used to randomly select field assessment sites within each initial severity 
stratification (Table 6) to ensure a wide range of fire severity was represented (Key & 
Benson 2006). Each field assessment site was at least 90 m apart in order to reduce 




spatial auto-correlation (Thompson et al. 2007). All points were at least 60 m from the 
prescribed fire boundary identified from a fire history layer. A total of 48 field 
assessment sites were selected across the four prescribed fire study areas (i.e. study areas 
1 to 4; Table 2). 
4.3.2 Field severity assessment 
Field assessment site locations were uploaded as waypoints to a Magellan Explorist GPS 
for navigation. Each field assessment site consisted of a 30 m diameter plot situated 
within a generally homogenous 60 m x 60 m area of both fire severity and vegetation 
(Key & Benson 2006).  A visual check of each site was completed to determine the 
suitability of each site for assessment. Severity assessments were not carried out at a site 
if there was more than 50% exposed rock and/or large cliffs that made access difficult, or 
there was not a homogenous 60 m x 60 m area. Plots were moved to the centre of the 
closest 60 m x 60 m area of generally homogenous fire severity and vegetation type 
where possible (Key & Benson 2006).  
 
A visual assessment of fire severity was completed at each field site involving estimates 
of a range of fire severity indicators (Appendix A and Appendix B). This was a general 
assessment of fire severity based on previously used methods (Cawson & Muir 2008; 
Hammill et al. 2010). 
 
Each field assessment site was assigned to one of four severity classes (Table 7). 
Assignment to severity classes was based on measurements of percentage canopy burnt 
and percentage shrub layer burnt, which are commonly used as indicators of fire severity 
(Cawson & Muir 2008; Chafer 2008; Hammill et al. 2010). The severity classes used 
were based on the classes of Hammill et al. (2010), which were designed to represent 
significant thresholds for both ecological impacts and fire management considerations 
(Hammill et al. 2010). The four severity classes provide a general indication of fire 
severity, which was appropriate considering the long period between ignition date and 
field assessment date. Any greater detail (i.e. more severity classes) would have been 
difficult to measure because of the increasing lack of identifiable fire severity indicators 
with time. The unburnt severity class included areas where very low amounts of the shrub 
layer may have been burnt during fire that was confined mostly to dead ground fuels (e.g. 
leaf litter).  
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Table 7: Field fire severity classes used in this study, with the vegetation characteristics assessed in the 
field. 




Char on canopy trees (fibrous bark) 
0:Unburnt 0 – 20 0 None or base of trunk 
1:Low 20 - 100 0 May be visible on lower - upper trunk 
 
2:High 100 < 90 Visible lower upper trunk to lower 
canopy height 
3:Extreme 100 ≥ 90 Visible on trunk up to upper canopy 
 
4.4 Fire severity maps 
Ranges of dNBR values were identified that most accurately represented the different 
classes of fire severity measured in the field. Thresholds between classes were 
determined by examining an error matrix. The accuracy of satellite classifications is 
commonly tested through the calculation of Kappa and proportion of correctly classified 
pixels (Chafer 2008; Foody 2009). A kappa analysis was completed which produced a 
Khat statistic and the proportion of correctly classified pixels (Chafer 2008). The 
combination of ranges that produced the highest Khat and correctly identified proportion 
of pixels could then be applied to the dNBR images to create classified severity maps. 
Classified severity maps were required for LFMC threshold identification for each of the 
prescribed fire study areas that were not part of the field severity assessments. 
4.5 Data analysis 
4.5.1 Linear regression 
Linear regression analysis was used to determine the accuracy of LFMC as a predictor of 
fire severity for field-assessed sites. LFMC was plotted against field classified severity 
and a linear regression model was fitted. An assumption was made for the analysis that 
the ordinal severity classes constituted a continuous scale (Winship & Mare 1984). 
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4.5.2 Piecewise regression 
Piecewise regression models were fitted to the data to test for two separate LFMC 
thresholds for each dataset. Piecewise regression models are used when the response of a 
variable is not linear, but rather there is an abrupt change in response after a certain 
threshold (Piegorsch et al. 2005; Toms & Lesperance 2003). Two or more regression 
lines are fitted to the data and joined at unknown “breakpoints” that represent change 
thresholds in the data (Dennison & Moritz 2009; Toms & Lesperance 2003). The use of 
this method follows the work of Dennison & Moritz (2009) who used piecewise 
regression to determine a LFMC threshold for chaparral vegetation fire in the USA.  
 
Piecewise regression analysis was initially carried out for the 48 field-assessed sites. The 
analysis was then repeated for the remaining five prescribed fire study areas (study areas 
5 to 9; Table 2) using solely remotely sensed severity maps and cumulative pixel totals 
with decreasing LFMC for all pixels in each study area (i.e. limited to dry sclerophyll 
forest and ridges). This was to test if field site results would be repeated with remotely 
sensed severity data. The remotely sensed analysis also included a random selection of 
500 points with a minimum separation of 90 m across these five study areas in order to 
reduce the level of spatial autocorrelation (Piegorsch et al. 2005; Thompson et al. 2007). 
 
The field-assessed and satellite-derived data were used to identify two thresholds. 
Severity class data was pooled to create binary response data for each threshold analysis. 
LFMC was scaled to LFMC % as follows: 
 
LFMC % = (LFMCposition / LFMCtotal)*100,              (Equation 5) 
 
where LFMCposition refers to the position of each LFMC value when arranged from 
highest to lowest LFMC, and LFMCtotal refers to the total number of LFMC records 
(sites or pixels).  
 
The two thresholds identified were: 
 
Burn Threshold: The LFMC content threshold below which a higher proportion of sites 
or pixels were recorded as burnt. Low, high, and extreme classes were pooled as „burnt‟, 
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and compared to sites or pixels classified as unburnt. The cumulative number of burnt 
sites with decreasing LFMC % was calculated.  
 
High Severity Threshold: The LFMC threshold below which a higher proportion of sites 
or pixels were recorded as higher severity. High and extreme severity classes were pooled 
as „higher severity‟, unburnt and low severity classes were pooled as „lower severity‟. 
The cumulative number of higher severity sites or pixels with decreasing LFMC % was 
calculated.  
 
Most datasets required only one estimated breakpoint (i.e. two regression lines), but some 
required two breakpoints (i.e. three regression lines) to provide a better fit of the 
piecewise model to the data. In the case of two breakpoints being estimated, the first 
breakpoint (i.e. higher LFMC) was tested as the LFMC change threshold using Fisher‟s 
Exact Test. 
4.5.3 Fisher‟s Exact Test 
Fisher‟s Exact Test is used to test the statistical significance of the difference between 
two proportions, including when there are a small number of samples (Conover 1999). 
For this study, Fisher‟s Exact Test was used to identify the significance of the thresholds 
identified from piecewise regressions. Two proportions were compared for each threshold 
identified: 
 
Burn Threshold: The proportion of sites or pixels burnt with a LFMC above the Burn 
Threshold, compared to the proportion of sites or pixels burnt with a LFMC below the 
Burn Threshold. 
 
High Severity Threshold: The proportion of higher severity sites or pixels with a LFMC 
above the High Severity Threshold, compared to the proportion of higher severity sites or 
pixels with a LFMC below the High Severity Threshold. 
 
One tailed Fisher‟s Exact Tests were calculated from 2 x 2 contingency table analysis to 





This chapter presents the results of the LFMC and fire severity analysis. There are four 
main groups of results presented here: 
 The accuracy of the dNBR severity mapping in comparison to field classified 
severity.  
 An overview of the range of LFMC and fire severity identified from field 
assessments and remote sensing analysis. 
 The result of linear regression of LFMC against field classified severity.  
 Results of the determination of the Burn Threshold, followed by the High Severity 
Threshold, are presented in the last section. Piecewise regression and Fisher‟s 
Exact Test results are presented in the final section.  
 
Results are presented together for: 
 The field sites, where fire severity was measured in the field. 
 The remotely sensed prescribed fire areas, where fire severity was calculated 
using dNBR severity maps.  
 The 500 point random selection, taken from the remotely sensed prescribed fire 
areas. 
 
5.2 dNBR thresholds and severity map validation 
The results of the linear regression of dNBR against field severity class revealed a strong 
correlation (R-squared = 0.66) (Figure 3). Kappa analysis of the error matrix showed an 
overall accuracy of 75% (Table 8) for the correct classification of field sites by applying 
the dNBR ranges in Table 9. Based on the benchmarks of Landis & Koch (1977), the 
overall accuracy of 75% is considered “substantial”. Classification accuracy appeared to 
decrease as severity increased (Table 8). 100% of unburnt sites were correctly classified 
by dNBR, while there was substantial accuracy for the low (62.5%) and high (61.5%) 
severity classes. Only a moderate classification accuracy of 50% was achieved for the 
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Severity Class dNBR range 
0:Unburnt <0.11 
1:Low >0.11 - 0.24 
2:High >0.24 - 0.39 




y = 5.444x + 0.076 



















Table 9: dNBR value ranges that provided the greatest 
classification accuracy for severity mapping. 
Figure 3: dNBR values derived from Landsat 5 TM vs. field classified 
severity for field sites. 
 
Table 8: Error matrix of field classified severity class against Landsat 5 TM dNBR severity class. 
p < 0.001 
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5.3 Overview of live fuel moisture content and fire severity 
LFMC values derived from Landsat 5 TM data ranged from 90.6% to 126.4%. All 
prescribed fire study areas displayed a similar maximum LFMC, but the minimum LFMC 










Field Sites 103.2 123.0 
Wambo  93.3 125.7 
Mills 98.1 124.1 
Quarry Rd 104.6 126.4 
Kief 90.6 122.5 
Caleys 107.2 123.5 
Random Selection 94.1 124.6 
 
 
There was an almost even distribution of severity classes among the field sites, except for 
the extreme class for which there was a general lack of extreme severity sites available 
for field sampling (Figure 4). Extreme severity fire was either absent or only made up a 
small proportion of each remotely sensed prescribed fire area. Caleys was the only 
remotely sensed prescribed fire area where an almost even distribution of all severity 
classes was present. Wambo, Kief, and the random selection were mostly classified as 
unburnt, while Mills was mostly classified as low. All prescribed fires had at least three 






Table 10: Landsat 5 TM derived LFMC range for field 





Figure 4: Pie charts representing the proportion of sites (field severity sites) or pixels (remotely sensed 






































5.4 Live fuel moisture content and field fire severity relationship 
The results of the linear regression of LFMC against field severity class revealed a weak 
linear relationship (R-squared = 0.24) (Figure 5). Although the result was significant  
(p < 0.001), the analysis revealed that LFMC could not be used as a strong predictor of 
each field severity class. A possible threshold-type relationship was identified from 
Figure 5. At approximately 115% LFMC there appears to be a transition from sites 
burning (i.e. LFMC < 115%) to no sites burning (i.e. LFMC > 115%). However, there are 
some outliers at approximately 105%, where 3 sites remained unburnt, and above 115, 
where 2 sites burnt at low severity, and 1 site burnt at high severity. The threshold-type 
relationship was further investigated with piecewise regression. 
 
 
Figure 5: Landsat 5 TM derived LFMC vs. field classified severity for field sites. 
 
5.5 Identification of live fuel moisture content thresholds 
5.5.1 Burn Threshold 
A significant Burn Threshold was identified from the field site data, the random selection, 
and all except one (Quarry Rd) of the remotely sensed prescribed fire areas (Figure 6; 
Table 13). The Burn Threshold values ranged from 118.2% to 111.7% LFMC (mean = 
115.3%). 
 
Piecewise regression of the field sites revealed a Burn Threshold breakpoint in the 
accumulation of burnt sites after 34.6% of sites with decreasing LFMC (Figure 6). The 
y = -0.076x + 9.479 



















p < 0.001 
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34.6% breakpoint was equivalent to a LFMC of 113.6% (Table 11). The proportion of 
sites burnt on either side of this threshold proved to be highly significant (p < 0.001) 
(Figure 7; Table 13). Two breakpoints were identified for both the Wambo and Mills 
prescribed fires (Table 11). Two breakpoints (i.e. three lines) provided a better fit of the 
piecewise models than a single breakpoint. The first breakpoint for Wambo (Burn 
Threshold = 118.2%) and Mills (Burn Threshold = 116.8%) were both shown to be 
highly significant Burn Threshold values (p < 0.001) (Table 13). The estimated Burn 
Threshold of 115% LFMC for Quarry Rd did not prove to be significant (p = 0.992) 
(Table 13). A significant Burn Threshold was identified for Caleys (Burn Threshold = 
116%, p < 0.001) and for Kief (Burn Threshold = 111.7%, p < 0.001) (Table 13). Two 
breakpoints could be identified for the random selection data (Figure 6; Table 11). The 
first breakpoint proved to be a highly significant Burn Threshold (p < 0.001) (Table 13). 
 
The slope difference and change in the proportion of sites burnt can be used to describe 
the strength of the thresholds identified.  The field sites, Caleys, and Mills showed the 
largest slope difference (Table 12), which equates to a large increase in the proportion of 
sites burnt below the Burn Threshold (Figure 7). The occurrence of burnt sites was not 
completely limited when LFMC was above the identified Burn Threshold values. For 
example, approximately 40% of the pixels with a LFMC above the Burn Threshold in 
Caleys were burnt (Figure 7). The difference between slopes appeared to be much greater 
when an overall high proportion of sites were burnt (e.g. Field Sites, Mills, Caleys) 
compared to when an overall low proportion of sites were burnt (e.g. Wambo, Kief, 
random selection) (Figure 7; Table 12). Quarry Rd does conform to this pattern as there 
were a high proportion of sites burnt, yet no significant threshold identified (Figure 7; 
Table 13). There was only a very minimal slope difference for Quarry Rd, which 
suggested that LFMC did not affect the proportion of pixels that burnt (Table 12). The 
analyses for which 2 breakpoints were determined (Wambo, Mills & random selection) 
showed a pattern of an initial gentle rise in slope after the first breakpoint, and then a 












Figure 6: Burn Threshold piecewise regression plots for showing cumulative % of sites or pixels burnt with 
decreasing LFMC vs. LFMC % (see Equation 5).  
Notes: Black triangles represent threshold breakpoints. Red points represent cumulative burnt total after 
each site or pixel. Black lines represent piecewise regression lines.  






Figure 7:  Proportion of sites (field classified severity sites) or pixels (remotely sensed severity) classified 





























































































































































































Table 12: Equations and slope difference for regression lines fitted 












break  % 
2nd break 
LFMC  
                     
R-Squared 
Field Sites 2 34.6 113.6 - - 0.9959 
Wambo 3 36.3 118.2 61.8 115.6 0.9983 
Mills 3 8.3 116.8 30.2 113.6 0.9997 
Quarry Rd 2 51.0 115 - - 0.9998 
Kief 2 37.0 111.7 - - 0.9971 
Caleys 2 39.6 116 - - 0.9991 
Random Selection 2 34.0 117.2 72.8 111.9 0.9987 
 
Name Line Equation Slope Difference 
Field Sites 
1 0.227x + -0.365 - 
2 0.879x + -22.95 0.652 
Wambo 
1 0.018x + -0.039 - 
2 0.083x + -2.376 0.065 
3 0.19x + -9.668 0.107 
Mills 
1 0.111x + -0.242 - 
2 0.422x + -2.825 0.311 
3 0.939x + -18.45 0.517 
Quarry Rd 
1 0.793x + -0.976 - 
2 0.704x + 3.534 -0.089 
Kief 
1 0.202x + -0.5 - 
2 0.435x + -9.117 0.233 
Caleys 
1 0.359x + -0.978 - 
2 0.947x + -24.27 0.588 
Random 
Selection 
1 0.082x + -0.581 - 
2 0.232x + -5.706 0.150 









Field Sites 113.6 <0.001 
Wambo  118.2 <0.001 
Mills 116.8 <0.001 
Quarry Rd 115.0 0.992 
Kief 11.7 <0.001 
Caleys 116.0 <0.001 
Random Selection 117.2 <0.001 
Table 11: Burn Threshold breakpoints and R-squared values determined from piecewise regressions for field 
sites, remotely sensed prescribed fire areas, and random selection. 
Table 13: Fisher‟s Exact Test significance (p-values) of the 
difference between proportions of sites/pixels burnt above and 




5.5.2 High Severity Threshold 
Significant High Severity Threshold breakpoints were identified for the field sites and all 
remotely sensed prescribed fire areas, including the random selection (Figure 8). High 
Severity Threshold LFMC values ranged from 116.9% to 112.2% (mean = 114.3%). All 
of the identified High Severity Threshold values for the field sites and each remotely 
sensed area (including the random selection) fell within 3% of their equivalent Burn 
Threshold value. 
 
A significant High Severity Threshold was identified for the field sites at a LFMC of 
114.2% (p = 0.012) (Table 16). There were a very small proportion of pixels burnt at high 
severities in the Wambo prescribed fire (<2%) (Figure 4). However, a significant High 
Severity Threshold was determined at a LFMC of 115.5%, below which most of the 
recorded higher severity fire occurred (p < 0.001) (Table 16; Figure 9). Two breakpoints 
were determined for the Mills data to provide a better fit for the piecewise model (Figure 
8; Table 14). The first breakpoint proved to be a significant High Severity Threshold 
(113.5%, p < 0.001) (Table 16). Quarry Rd, while no Burn Threshold could be 
determined, did show evidence of a significant High Severity Threshold at a LFMC of 
116.9% (p < 0.001) (Table 16). A significant High Severity Threshold of 112.2%           
(p < 0.006) was identified for the Kief prescribed fire, even though overall only a very 
small proportion of pixels were burnt at high severities (< 3%) (Figure 4; Table 16). A 
significant High Severity Threshold was determined for Caleys at a LFMC of 113.4%  
(p < 0.001) (Table 16). A significant High Severity Threshold could be identified for the 
random selection at a LFMC of 115.3% (p < 0.001) (Table 16). 
 
Caleys showed the strongest evidence of a High Severity Threshold effect with a slope 
difference of 0.856 (Table 15). The majority of pixels with a LFMC below the High 
Severity Threshold in Caleys were burnt at high severity (approx. 90%) (Figure 9). The 
field sites showed the next largest slope difference of 0.299 (Table 15). The slope for 
Mills, for which 2 breakpoints were determined, increased initially after the first 
breakpoint and then increased more sharply after the second breakpoint (Figure 8; Table 
15). The remaining prescribed fires and random selection showed smaller differences 
between slopes (<0.2) (Table 15), but the differences between the proportion of sites 
burnt at high severities on either side of the identified High Severity Threshold values 







 Figure 8: High Severity Threshold piecewise regression plots for showing cumulative % of sites or pixels 
burnt at higher severities with decreasing LFMC vs. LFMC % (see Equation 5).  
Notes: Black triangles represent threshold breakpoints. Red points represent cumulative high severity total 
after each site or pixel. Black lines represent piecewise regression lines.  





Figure 9: Proportion of sites (field classified severity sites) or pixels (remotely sensed severity) classified as 





























































































































































































Table 14: High Severity Threshold breakpoints and R-Squared values determined from piecewise 
regressions for field sites and remotely sensed prescribed fire areas. 
Table 15: Equations and slope difference for regression lines fitted during 
High Severity Threshold piecewise regression analyses. 
Table 16: Fisher‟s Exact Test significance (p-value) of the 
difference between proportions of sites/pixels burnt at high 















                     
r-squared 
Field Sites 2 31.3 114.2 - - 0.9534 
Wambo 2 62.4 115.5 - - 0.9893 
Mills 3 30.8 113.5 72.6 107.7 0.9968 
Quarry Rd 2 30.9 116.9 - - 0.9975 
Kief 2 31.9 112.2 - - 0.9894 
Caleys 2 57.8 113.4 - - 0.9980 
Random Selection 2 49.2 115.3 - - 0.9911 
 
Name Line Equation Slope Difference 
Field Sites 
1 0.072x + 0.509 - 
2 0.371x + -8.828 0.299 
Wambo 
1 0.003x + -0.042 - 
2 0.04x + -2.389 0.038 
Mills 
1 0.023x + -0.129 - 
2 0.153x + -4.113 0.129 
3 0.337x + -17.48 0.184 
Quarry Rd 
1 0.065x + -0.115 - 
2 0.245x + -5.675 0.180 
Kief 
1 0.01x + -0.063 - 
2 0.04x + -1.012 0.030 
Caleys 
1 0.088x + -0.501 - 
2 0.944x + -49.95 0.856 
Random 
Selection 
1 0.010x + -0.145 - 







Field Sites 114.2 0.012 
Wambo  115.5 <0.001 
Mills 113.5 <0.001 
Quarry Rd 116.9 <0.001 
Kief 112.2 0.006 
Caleys 113.4 <0.001 
Random Selection 115.3 <0.001 
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5.6 Key Findings 
The aim of this thesis was to use Landsat 5 TM imagery to explore the role of LFMC as a 
predictor of fire severity in eucalypt dry sclerophyll forest. This study successfully 
identified significant LFMC thresholds that affect fire. LFMC appears to limit fire 
activity above a threshold range of approximately 118% - 112%, but when LFMC drops 
below this range, LFMC is not a strong predictor of fire severity.  
 
Key findings of this study were: 
 
 The linear regression of LFMC against field classified severity showed a weak 
correlation and the relationship appears to be non-linear (R-squared = 0.24). 
 
 Linear regression appeared to show a burn threshold at approximately 115% 
LFMC, which was further explored with piecewise regression. 
 
 Piecewise regressions revealed that significant Burn Threshold breakpoints could 
be determined for the field sites, random selection, and 4 out of 5 remotely sensed 
prescribed fire areas.  
 
 Burn Threshold LFMC values ranged from 118.2% to 111.7% (mean = 115.3%). 
 
 A significant Burn Threshold could not be determined for Quarry Rd. 
 
 Significant High Severity Threshold breakpoints could be identified for the field 
sites, random selection, and all prescribed fire study areas. 
 
 High Severity Threshold LFMC values ranged from 116.9% to 112.2% (mean = 
114.3%). 
 
 Burn Threshold values were within 3% LFMC of the equivalent High Severity 











Field and satellite methods have been employed to demonstrate the presence of 
significant LFMC thresholds that affect fire activity. The results obtained support the 
presence of demonstrated threshold-type relationships between LFMC and fire activity. 
The results have implications for fire management as the defined thresholds could be 
used to indicate potential fire activity in prescribed fires. In explaining the results of this 
study, it is important to consider limitations and factors which may have influenced the 
results. 
6.2 Severity map 
The overall accurate classification of fire severity for 75% of the field sites with dNBR is 
substantial (Landis & Koch 1977), and compares well with other studies that have 
mapped fire severity with spectral indices. Chafer (2008) used dNBR to map fire severity 
in eucalypt dry sclerophyll forest of the Sydney Basin Bioregion and achieved a very 
similar classification accuracy (Khat = 0.77, Accuracy = 81%). Hammill & Bradstock 
(2006) achieved a similar correlation between field sites and NDVI in eucalypt 
sclerophyll forest (R-squared 0.59 – 0.66). Chafer (2008) found that dNBR was a 
superior indicator of field-sampled fire severity when compared to NDVI (Khat = 0.57,  
Accuracy = 65.6%). 
 
The accuracy achieved in this study falls within the range that has been found in different 
vegetation types in North America, where the use of dNBR has been more widely tested 
(Hoy et al. 2008; Miller & Thode 2007; Soverel et al. 2011). French et al. (2008) 
compared the results of 41 studies that have used dNBR to map fire severity and found an 
average accuracy of 73%. 
 
The accuracy of dNBR, as with other spectral indices, can vary widely depending on 
environmental influences (French et al. 2008). This is a potential source of error in this 
study. Misclassification of fire severity can result from influences such as topographic 
shadowing, or variation in the thickness of forest canopy (French et al. ; Hammill & 
Bradstock 2006; Miller & Thode 2007).  Classification accuracy may increase by using a 
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dNBR classification that takes into account factors such as canopy coverage (Miller & 
Thode 2007). 
 
The classification accuracy achieved in this study was especially strong considering 
classification error would have been reduced when sites were pooled into the even 
broader severity classes for threshold analysis (i.e. “unburnt & burnt”, “high severities & 
low severities”). 
 
6.3 Live fuel moisture content thresholds 
This study provided evidence that the relationship between LFMC and fire severity is 
non-linear. An indication of a LFMC burn threshold at approximately 115% was initially 
given by linear regression of LFMC against field classified severity. From piecewise 
regression analyses, it appears that LFMC limits fire activity in eucalypt dry sclerophyll 
forest when LFMC is above a threshold range of approximately 118% to 112%. Once 
LFMC drops below this threshold range, it is no longer a limiting factor and the resulting 
severity is dependent on other factors. The likelihood of vegetation burning steadily 
increases as LFMC decreases, and when the LFMC threshold is reached, a significantly 
higher level of fire activity can occur.  
 
It  appears that the difference between the LFMC conditions required before initial low 
severity fire can occur (Burn Threshold) are very similar to the LFMC conditions 
required before higher severity fire can occur (High Severity Threshold). The Burn 
Threshold and High Severity Threshold of this study were either at the same point, or 
there was only a very small difference in moisture (LFMC < 3%) for each area. 
 
LFMC thresholds have not previously been determined for eucalypt dry sclerophyll 
forest. Evidence from similar studies indicates the presence of non-linear threshold-type 
relationships between LFMC and fire activity in different types of vegetation. The LFMC 
thresholds of this study are much higher than thresholds that have been identified in 
shrublands, but more similar to studies of pine forest. It should be noted that the 
thresholds identified here do not directly correspond to thresholds identified in similar 




In chaparral vegetation of California, fire managers generally view a LFMC of 60% as a 
level indicative of high fire danger (Weise et al. 2005). The thresholds that have actually 
been determined in chaparral are much lower than have been found in this study for 
eucalypt dry sclerophyll forest. Dennison & Moritz (2009) determined a LFMC threshold 
of 79% for the occurrence of large fires in chaparral. A threshold of 90% was identified 
as leading to a significant increase in burnt area by Schoenberg et al. (2003). These 
studies did not take into account fire severity. Fires were still recorded above the 
identified thresholds, but were generally smaller and less frequent (Dennison & Moritz 
2009; Schoenberg et al. 2003). This is similar to the results of this study, where lower 
rates of fire were found to have occurred above the LFMC thresholds. 
 
LFMC values reported to affect fire activity in chaparral are similar to other shrubland 
vegetation types. Chandler (1983) reports that live foliage of Mediterranean shrubs were 
significantly more likely to ignite below a LFMC threshold of 75%. Similar studies have 
not been conducted in Australia, although there is evidence that vertical development of 
fire is limited in heathland vegetation of the Sydney area when LFMC is above 
approximately 60% (Plucinski 2003). 
 
The LFMC thresholds identified in this study are similar to thresholds that been found for 
pine tree canopy fire. Pine forest is reported to be more likely to suffer crown fire when 
LFMC is below 100% (Van Wagner 1977). Alexander (1988) reported a wide high crown 
fire risk range of 75% - 130% LFMC for pines in North America, whereas Agee et al. 
(2002) narrowed this range to 100% - 120%.  
 
The large difference between thresholds identified in shrubland and the thresholds 
identified in this study for eucalypt dry sclerophyll forest are expected. There can be a 
wide range of LFMC values between different species based on plant physiological 
characteristics (Pippen 2008; Yebra et al. 2008). Species such as Eucalyptus spp. can also 
produce oils that increase foliage ignitability at higher LFMC levels (Dimitrakopoulos & 





Although other studies have not attempted to determine LFMC thresholds related to fire 
severity, there is a general theme that LFMC displays a threshold-type relationship with 
fire activity. 
6.4 Limitations: Landsat 5 TM derived LFMC 
The accuracy of using satellite imagery to quantify LFMC can vary given that the 
spectral signal is measured from a mixture of vegetative and non-vegetative sources over 
each 30 m Landsat 5 TM pixel area (Fuller et al. 1997). LFMC in a forest situation 
usually refers to shrub and canopy vegetation (Caccamo et al. 2012a). The spectral signal 
used to calculate LFMC is influenced by spectral reflectance from all vegetation strata. 
The extent to which each vegetation stratum contributes to the overall signal will vary 
depending on the thickness of each layer. Fuller et al. (1997) demonstrated that the 
understorey layer, including grasses, had the major influence on the spectral signal of 
savanna woodlands in Africa. Where canopy cover is sparse (< 60%) there will be high 
transmittance through this layer, meaning that the canopy layer will have little influence 
on the overall spectral signal (Fuller et al. 1997; Pereira et al. 2004). As canopy cover 
increases, so too will the canopy‟s influence on the overall spectral signal of each pixel 
(Pereira et al. 2004).  
 
It is not known the extent to which each vegetation layer affected the Landsat 5 TM 
derived LFMC values. Evidence from other studies suggests that shrub and tree canopy 
vegetation will ignite at very different levels of LFMC (Agee et al. 2002; Dennison & 
Moritz 2009; Schoenberg et al. 2003). It is possible that the shrub layer and canopy layer 
will dry to ignitable LFMC levels at slightly different times. This could not be described 
in this study because the LFMC of each vegetation layer cannot be separated with the 
method used. The LFMC thresholds identified in this study refer to an overall LFMC for 
eucalypt dry sclerophyll forest, derived from a mixture of spectral reflectance from all 
vegetation layers.  
 
The LFMC values calculated in this study are approximate because the satellite images 
used were acquired up to 3 weeks prior to the ignition date of each prescribed fire. Ideally 
LFMC would be calculated on the day of or day prior to ignition (Jurdao et al. 2012). 
Opportunity to do this is limited because daily Landsat 5 TM images are not available 
(Gao et al. 2006; Jurdao et al. 2012). Jurdao et al. (2012) found that LFMC from 2 weeks 
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before a fire was still very influential in determining ignition probability in shrubland 
fires in Spain. LFMC is less susceptible to rapid change than dead fine fuel moisture 
because it is more closely related to soil moisture conditions and long term rainfall trends 
(Nieto et al. 2010). The LFMC values calculated in this study provide good 
approximations of actual LFMC levels on the days of ignition, given that LFMC is likely 
to have remained relatively similar within a 3 week period (Jurdao et al. 2012; 
Schoenberg et al. 2003). Results of this study may have improved if LFMC could have 
been calculated closer to each prescribed fire ignition date. However, LFMC calculated in 
this study, approximately 1 -3 weeks before ignition dates, was still found to have 
significant relationships with fire severity. Using LFMC measurements from 1-3 weeks 
before a proposed ignition does have advantages as it would allow more planning time 
for fire managers. 
6.5 Limitations: influence of other factors on results 
The thresholds identified in this study cannot be defined as thresholds that determine the 
difference between a site burning or not burning at a particular severity. The Burn 
Threshold and High Severity Threshold values identified are the thresholds between 
where burning will be limited because of higher LFMC, and where a higher proportion of 
sites can burn to a certain severity because of lower LFMC. Differences in proportions of 
area burnt below identified thresholds among different areas indicate that other factors 
may have significantly influenced the results. For example, a significant Burn Threshold 
(118.2%) was identified for the Wambo prescribed fire, but of the pixels that had a 
LFMC below this threshold, only 12% were burnt. This was still significantly higher than 
the proportion of pixels that burnt with a LFMC above the threshold (3%). Moreover, a 
LFMC above the identified Burn Threshold did not guarantee that a pixel or site would 
not burn. Some remotely sensed prescribed fire areas had up to 40% of pixels burnt when 
LFMC was above the identified Burn Threshold. 
 
The result of Quarry Rd showing no significant Burn Threshold provides some doubt as 
to whether the Burn Threshold value would remain similar across all areas of dry 
sclerophyll forest. The threshold where LFMC will totally limit all vegetation burning 
under any circumstance, such as more extreme weather conditions, is likely to be higher 
than the range of LFMC values that were sampled in this study. The High Severity 
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Threshold is similar to the Burn Threshold in that higher severity fire was still found 
when LFMC was above the identified threshold.  
 
Initial fire ignition is more a function of dead fine fuel moisture rather than LFMC 
(Chuvieco et al. 2004; Renkin & Despain 1992). Whether or not a fire will develop 
vertically through living vegetation depends more on LFMC (Dimitrakopoulos & 
Papaioannou 2001; Pippen 2008; Plucinski 2003). However, there are many other factors 
known to influence fire activity that also determine how severely a fire will burn 
(Bradstock et al. 2010; Department of Natural Resources and Environment 1999; 
Sharples et al. 2010). It is important to note these other factors because they may have 
influenced the proportion of pixels or sites burnt, and produced the outliers seen in Figure 
5.  
 
Weather is likely to have played an important part in the overall fire severity recorded in 
each study area. Weather variation has been shown to have a major influence on fire 
severity (Bessie & Johnson 1995; Bradstock et al. 2010). Canopy consuming fires are 
almost absent under mild weather conditions in eucalypt dry sclerophyll forest (Bradstock 
et al. 2010). Given that all areas in this study burnt under mild weather conditions (FFDI 
<12), higher to extreme severity fire would not be expected. The value of each threshold 
may have shifted if more extreme weather conditions were sampled in this study (e.g. 
during wildfires). The influence of other factors can be overridden by extreme weather 
(Bradstock et al. 2010). It has also been shown that sustained fire-spread can occur in 
higher LFMC fuels when fire is influenced by wind (Weise et al. 2005). It is important to 
note that the thresholds determined in this study apply to mild weather conditions, 
although the potential errors with the weather measurements used need to be considered. 
 
The weather conditions at each prescribed fire may have varied from the mild weather 
recorded at each weather station. The FFDI values used in this study are only 
approximate because the nearest weather stations were up to 25 km from the actual 
prescribed fire areas, and each FFDI value is a daily maximum (referring to highest 
temperature and lowest humidity) that does not account for wind peaks through the day. 
The calculation of FFDI uses a single wind measurement from 3pm. There was also no 




Fire activity can change significantly over the course of a day with changes in weather 
conditions (Collins et al. 2007). Temperature and humidity strongly influence the 
ignitability of dead fine fuels and overall fire activity (Catchpole et al. 2001; Martins 
Fernandes 2001). Relative humidity increases into the evening and night, which 
subsequently increases the moisture content of dead fine fuels, such as leaf litter 
(Catchpole et al. 2001). This reduces the flammability of dead fine fuels and would 
reduce fire severity in areas burnt during the evening, compared to day time, as a function 
of weather rather than LFMC.  
 
Fire activity is also very sensitive to changes in wind speed and direction (Sharples et al. 
2010). In this study it was assumed that wind characteristics were the same between the 
weather stations and prescribed fire areas. This leads to possible error because wind can 
be heavily influenced by variations in terrain (Whiteman 2000). Wind characteristics may 
have varied considerably over the course of the ignition day, and across the landscape 
between the prescribed fire areas and the weather stations (Sharples et al. 2010; 
Whiteman 2000). 
 
Results could have been further explained if fire progression and temporal variation in 
weather that occurred at the prescribed fire areas were known. The direction of fire 
progression could also be used to explain the potential effects of topography on fire 
severity. 
 
Topography has a very strong influence on fire severity by affecting fuel type, fuel 
continuity, and rate of fire spread (Bradstock et al. 2010; Dillon et al. 2011; Whelan 
1995). While this study was limited to ridges to reduce the influence of topography, the 
surrounding topography may have still influenced the fire severity on the ridges. 
Depending on the direction of fire spread, the severity of the prescribed fires may have 
increased where ridges were burnt after fire travelled up a steep slope (Whelan 1995), but 
the severity may have decreased on ridges that were surrounded by rocky slopes of 




6.6 Implications for management and future research 
Fire managers generally aim to conduct prescribed fires that are intense enough to meet 
objectives, such as fuel reduction, but remain below higher intensities where burn escape 
is more likely (Hammill et al. 2010). This study demonstrated that eucalypt dry 
sclerophyll forest fire activity appears to be limited until LFMC falls below a threshold 
range of 118% - 112%. Measures of LFMC in relation to this threshold range could be 
used to predict the likelihood of a prescribed fire meeting objectives. If a high burn 
coverage fuel reduction fire is required for asset protection (Office of Environment and 
Heritage NSW 2011a), the results suggest a LFMC pre-condition must be met before 
significant fuel reduction can be achieved. Conducting a prescribed fire when LFMC 
levels are within or below the threshold range would lead to a greater likelihood of 
significant fuel reduction being achieved. Conducting a prescribed fire when LFMC is 
above the threshold range would lead to a low proportion of area being burnt. This may 
be desired if a patchy prescribed fire is required for ecological reasons (Office of 
Environment and Heritage NSW 2011a). 
 
The results suggest that LFMC cannot be used to predict the severity at which a 
prescribed fire will burn once the Burn Threshold is reached. The difference in LFMC 
required for vegetation to burn through the shrub layer (Burn Threshold) and begin to 
burn the tree canopy (High Severity Threshold) is very minor. If a large difference 
between the Burn Threshold and High Severity Threshold was found, it may have been 
possible for prescribed fires to be conducted with a LFMC below the Burn Threshold and 
above the High Severity Threshold. Fuel reduction could have then been achieved 
through the shrub layer while minimising the risk of crown fire. However, the results do 
not support this scenario.  
 
Prediction of the severity of prescribed fire appears to involve the measurement of many 
more factors that just LFMC. Factors, such as weather, topography, and dead fine fuel 
moisture, are currently taken into account by fire managers when planning prescribed 
fires in order to predict fire behaviour (Department of Natural Resources and 
Environment 1999; Office of Environment and Heritage NSW 2011a). Mild weather 
conditions are generally a pre-requisite of any prescribed fire that is to be conducted 
because weather has a major influence on fire activity (Bradstock et al. 2010; Department 
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of Natural Resources and Environment 1999). It remains critical to follow prescribed fire 
prescriptions for weather. The threshold range identified in this study may add to the 
knowledge already used by predicting if a particular area is available to burn, under mild 
weather conditions, through the shrub layer and canopy based on LFMC. Weather, dead 
fine fuel, and topography measurements must then be used for predicting fire severity and 
if crews will be able to keep a prescribed fire within containment lines (Department of 
Natural Resources and Environment 1999). 
 
Before use of the threshold range identified in this study for prescribed burning, 
determining the interaction between LFMC and weather, including dead fine fuel 
moisture, over the course of a prescribed fire would be an important step. A study 
involving more accurate weather measurement over the course of a day would be able to 
determine more robust thresholds, given only approximate weather records were used in 
this study. Studies into the effects of weather, topography, and other factors have been 
previously conducted (e.g. Bradstock et al. 2010), but LFMC has been absent as a 
potential determinant of fire severity. LFMC would need to be included in this type of 
study to ascertain whether LFMC thresholds would shift under different weather, dead 
fine fuel moisture, and topographic conditions. 
 
The new Landsat Data Continuity Mission (LDCM) satellite, launched February 2013, 
will provide images with similar temporal, spatial, and spectral resolution to the Landsat 
5 TM images used in this study (NASA 2013). This provides the opportunity to 
continually to monitor LFMC throughout fire seasons. Future research is important to 
refine the method of predicting LFMC from Landsat 5 TM data.  
 
The extent to which each vegetation layer contributes to the overall LFMC value within 
each Landsat 5 TM pixel is not known. While reflectance from each vegetation stratum 
has been determined in some areas (Fuller et al. 1997), further research is required to 
determine how each vegetation layer affects overall LFMC in eucalypt dry sclerophyll 
forest. 
 
LFMC assessments would need to be readily available for fire managers if they are to be 
helpful in prescribed fire planning. Caccamo et al. (2012b) demonstrated that MODIS 
images (8-day composites) can be used to monitor the connectivity of areas of low LFMC 
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at a spatial resolution of 500 m. This type of regular monitoring would be difficult to 
apply if finer spatial resolution Landsat data (30 m) is required because images are only 
acquired every 16 days (Gao et al. 2006; Roy et al. 2008). Moreover, cloud-cover can 
significantly reduce the availability of images (Gao et al. 2006). A possible way forward 
in this regard may be based around methods that combine data from MODIS and Landsat 
satellites in order to predict Landsat reflectance when acquired images are not available 
(Gao et al. 2006; Hilker et al. 2009; Roy et al. 2008). This method may also be helpful 































This study set out to explore the role of LFMC as a predictor of fire severity in prescribed 
fires in eucalypt dry sclerophyll forest. In particular, this study aimed to find if pre-fire 
Landsat 5 TM quantified LFMC could be used to predict fire severity distribution, and if 
LFMC thresholds could be identified that significantly influence fire severity.  
 
While LFMC was not found to be a strong predictor of fire severity class, significant 
LFMC thresholds for low and high severity fire were determined based on data acquired 
by the Landsat 5 TM. The results are significant because LFMC thresholds have 
previously not been determined for eucalypt dry sclerophyll forest.  
 
In eucalypt dry sclerophyll forest, fire activity under prescribed burn conditions appears 
to be limited until LFMC falls below a threshold range of 118% - 112%. Below this 
threshold range a significantly higher level of fire activity can occur because LFMC is no 
longer a limiting factor. The level of fire severity that occurs once the LFMC               
pre-condition is met is likely to be determined by other factors such as weather, 
topography, and dead fine fuel moisture. 
 
The results are potentially useful for fire managers when planning prescribed fires. 
LFMC levels derived from satellite data could be used to determine the likelihood of an 
area burning based on the LFMC threshold range determined in this study. This could be 
used to improve upon established methods of predicting fire activity that are based 
around weather (e.g. FFDI). The increased knowledge around likely fire activity could 
increase the chance of prescribed fire success and reduce the risk of fire escape. Care 
needs to be taken when using the thresholds determined in this study because results were 
not repeated in one of the prescribed fire areas. 
 
Similar studies involving wider ranging weather conditions and more accurate weather 
measurements are required to determine the strength of the thresholds identified in this 
study. The new LDCM satellite provides an opportunity to regularly monitor LFMC in 
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APPENDIX B: FIELD SEVERITY ASSESSMENT 
INSTRUCTION SHEET 
Assessment methodology adapted from Hammill et al. 2010 and Cawson & Muir 2008). 
 
You should undertake the following steps during an assessment: 
1. Load sample point coordinates into a GPS. 
2. Record the following general information on your datasheet: 
• area name 
• page number of assessment sheet and the number of assessment sheets used 
• assessor names 
• assessment date 
• plot ID – Name and/or number 
• any additional comments about the area. 
3. Navigate to the first plot using go-to points in the GPS for navigation. 
4. At the plot record the GPS accuracy in metres (this should be better than 10 metres). 
5. Measure/or estimate the plot as 15m surrounding the point coordinate. The point coordinate will 
be the centre point in the plot. 
6. Estimate the amount of the vegetation in the shrub layer that was burnt to the nearest 10% (or 
record as Not Present).  
 7. Estimate the height of the tallest tree. 
8. Estimate the amount of vegetation in the canopy that was burnt (using height of epicormic shoots 
to indicate this).  
9. Record char height of canopy trees. Fibrous bark trees (excluding stringybark) should be used for 
this, but be careful to only record char from the most recent fire. 
11. Make additional comments for the plot about factors that may influence the fire  
12. Estimate the percentage cover of exposed rock (if this is too great, the site might not be used). 
13. Navigate to the next plot. 
14. Repeat steps until you have assessed all the plots in the monitoring area. 
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